In drinking water catchments, reduction of pathogen loads delivered to reservoirs is an important priority for the management of raw source water quality. To assist with the evaluation of management options, a process-based mathematical model (pathogen catchment budgets -PCB) is developed to predict Cryptosporidium, Giardia and E. coli loads generated within and exported from drinking water catchments. The model quantifies the key processes affecting the generation and transport of microorganisms from humans and animals using land use and flow data, and catchment specific information including point sources such as sewage treatment plants and on-site systems. The resultant pathogen catchment budgets (PCB) can be used to prioritize the implementation of control measures for the reduction of pathogen risks to drinking water.
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INTRODUCTION
The Sydney Catchment Authority (SCA) was formed in 1999 to manage the catchment providing the bulk water supply to Sydney, Australia, a city of four million people. Its formation was a direct result of the detection of Cryptosporidium and Giardia at levels of concern in Sydney's water supply in July -September 1998 (McClellan 1998 . The incident was precipitated by a series of large rainfall-runoff events within the catchment following a prolonged period of drought. The pathogens Cryptosporidium and Giardia are parasitic protozoa that cause gastrointestinal illness. Illness is usually mild and of short duration, but infection in immunocompromised hosts can become persistent with cryptosporidiosis potentially causing mortality. Community disease surveillance data indicated that there was no detectable increase in the reported level of illness during the period of the incident, suggesting that the genotypes or viability status of both Cryptosporidium and Giardia present in the supply were non-infectious for humans. Neither the source nor the genotypes of the pathogens were identified.
However, it was confirmed that poorer quality water arising from catchment runoff had short-circuited the main reservoir and reached the treatment plant in a much shorter time than previously predicted by the mean retention time for the storage (Hawkins et al. 2000) .
The SCA developed a strategy to identify and prioritize the research and management needs within the catchment.
An important component of this strategy was to reduce the risk of pathogen contamination by implementing a multibarrier approach to the protection of raw drinking water quality. The development of a conceptual model and a review of existing information identified some significant knowledge gaps regarding the fate and origin of pathogens in drinking water catchments (Ferguson et al. 2003a) .
Preliminary work focused on the identification of the key processes that govern pathogen fate and transport in surface waters (Ferguson et al. 2003b surprising that a high priority for water utilities is to develop a methodology for quantifying pathogen hazards in catchments that enables them to spatially identify pathogen "hotspots" and target the implementation of effective barriers and control measures. One of the earliest models was developed by Jenkins et al. (1984) and was a processbased model to predict bacterial levels in upland catchments in the United Kingdom. It utilised a "mass balance" approach to describe bacterial sources and transport in catchments as a multiple storage and release system (Jenkins et al. 1984 (Medema & Schijven, 2001) . The authors noted however that this model was unable to account for the impact of diffuse agricultural pollution and was thus primarily a point source and dispersion model.
Several other faecal indicator models have also been developed recently (Tian et al. 2002; Crowther et al. 2003; Collins & Rutherford 2004 ) and at least one other pathogen model is currently under development (Dorner et al. 2004) .
None are yet commercially available.
This study describes the development of a process-based mathematical model or pathogen catchment budget (PCB)
to quantify pathogen and faecal indicator loads within catchments. The model is based on a conceptual model that identified key processes for microbial sources and transport within drinking water catchments (Ferguson et al. 2003a) .
The model uses a mass-balance approach and will predict the total loads generated and the total loads exported from each sub-catchment for the pathogens Cryptosporidium and 
MODEL DESCRIPTION
The model is based on the earlier conceptual model that The software can be requested from the website (www.
clw.csiro.au/products/icms). Inputs to the model include GIS land use data and catchment specific information to predict pathogen loads, and parameters derived from a comprehensive review of the published literature (Ferguson et al. 2003b ).
Hydrologic module
The hydrologic module uses the non-linear loss module of the IHACRES rainfall-runoff model described by Croke & Jakeman (2004) . Briefly, this model assumes an initial catchment moisture deficit and using the distribution of surface rainfall (GIS layer), an amount of rainfall is converted into a depth of effective rainfall (rainfall that ends up as streamflow) for each sub-catchment. The effective rainfall is used to estimate the wet weather mobilization of faeces that have been deposited on the land (as described in the land module).
The effective rainfall for sub-catchment l (U l ) is then given by:
where m is the initial catchment moisture deficit, t is the flow threshold and r l is the event rainfall depth for subcatchment (l), which is given by the mean event rainfall depth r, and the spatial variation in rainfall f l (all measured in mm).
Assumptions
The catchment moisture deficit (m) describes the moisture deficit prior to a wet weather event (an input value).
All sub-catchments use the same initial moisture deficit and model parameters. However, the rainfall surface modifies the event rainfall for each sub-catchment by the factor ( f l ).
The drainage threshold (t) is the moisture deficit (saturated water content -actual water content) of a subcatchment before runoff and is generated for a wet weather flood event.
The depth of effective rainfall (U) depends only on the amount of rainfall and the soil moisture.
The antecedent dry period is adjustable (30 days used in this study).
The amount of rainfall is adjustable (30 mm and 100 mm for intermediate and large events respectively, in the current simulations).
Land module
The number of microorganisms leaving the sub-catchment is summed over all animal species present in the subcatchment. Animal species are assigned as present or absent for a particular land use at a defined density. Animal density per sub-catchment is calculated from the GIS layers using the land use categories and animal density data shown in Table 1 . The variables in Table 2 describe the buildup of microorganisms in faecal material deposited on the land surface. The rate of Cryptosporidium, Giardia and E. coli inactivation on land are shown in Table 3 .
In dry weather, the only linkage between the land budget module and the in-stream transport module was through direct input into the stream i.e. animals defecating directly into the stream. This is calculated based on an estimate of the access to streams (X s ) (wild animals have unrestricted access, domesticated animals may be prevented from accessing streams) and the estimated likelihood of a particular species defecating into the stream (D s ). The number of microorganisms entering the stream is given by:
where I j,1,l is the input to stream of microorganism j from animal sources for sub-catchment l (microorganisms.d 21 ), Poultry 0 0 0.01 5000 8 † ¼ wildlife species are represented as 1, domestic animals as 0. ‡ ¼ animal access to streams based on wildlife having full access and domestic livestock having more or less access dependent on farm management practices. p ¼ estimate of animal behaviour increasing or decreasing the likelihood of animal species entering and defecating in the stream assuming they have unlimited access. § ¼ land use categories for which this species is present (1 ¼ water, 2 ¼ improved pasture cattle, 3 ¼ improved pasture sheep, 4 ¼ commercial and industrial, 5 ¼ intensive animals cattle, 6 ¼ intensive animals dogs, 7 ¼ intensive animals pigs, 8 ¼ intensive animals poultry, 9 ¼ intensive plants, 10 ¼ urban residential, 11 ¼ rural residential, 12 ¼ forestry with native fauna, 13 ¼ forestry with native and feral fauna). 
Assumptions -dry weather
Any faeces deposited directly into the stream become available for transport -i.e. the faeces disperse relatively quickly.
The concentrations of microorganisms in manure, and the manure production rates are based on total counts estimated from previous studies and fieldwork (Cox et al. 2005; Davies et al. 2005 ) and do not account for pathogen infectivity (Table 2) .
Access to streams is assumed to be 100% for native and feral animals. Access of domestic animals is based on local knowledge and field observations, e.g. domestic pigs within the catchment must be housed in barns, thus access to streams is 0. However, cattle are free range, so access is set at 0.1 based on the observations of Gary et al. (1983) .
The likelihood of direct faecal deposition to streams is estimated at 1% for cattle and 2.5% for wild pigs.
Material deposited to land is assumed to start to decay after one day and decay rates are based on microbial inactivation rates for soil (Table 3) .
The model uses decay rates expressed as the proportion surviving per day (d j,i ) for microorganism j in material i. The instream decay module uses the decay rates for water (d j,1 ), while the manure deposited to land decays according to the d values for survival in soil (d j,2 ). Inactivation rates can also be reported as the rate of inactivation per day (k values). Davies et al. (2005) reported inactivation rates for Cryptosporidium in soil ranged from 0.0135 to 0.0151 at 208C while in manure they ranged from 0.0107 to 0.0234 (at 208C). As these values were not substantially different and because manure deposited to land will often be trampled and mixed into the soil, we decided to use an averaged k value of 0.02 based on these and other studies. The k values for E. coli in water and soil are calculated using data from a number of previous studies (Crane et al. 1980; Crane & Moore 1986; Sherer et al. 1992; Medema et al. 1997; Stoddard et al. 1998; Khatiwad & Polprasert 1999; Lau & Ingham 2001; Trevisan et al. 2002) . The k values for Giardia in water and soil are also calculated using data from a previous study (Anderson et al. 1998) .
The wet weather budget includes the daily build up of material on the land, and the likely fraction of material that will be mobilized to the stream. The build up of the store of microorganisms on the land depends on the length of the antecedent dry period, the assumed storage at the start of the antecedent dry period, and the decay rate for each microorganism in soil (d j,2 ).
where M s is the fraction of faeces for animal species s on land that would be transported to stream in a large rainfallrunoff event, U l is the effective rainfall (mm) generated in sub-catchment l, U 0 is the scale factor for event impact, A s,l are the number of animals in the sub-catchment, P j,s is the concentration of microorganisms in the manure of each animal species and d j,2 is the rate of microbial survival (Table 3) .
Assumptions -wet weather
The fraction of manure mobilized assigned to each species is a considered estimate based on the size, shape and consistency of faecal material (Table 2) .
Mobilization varied with effective rainfall U l as outlined in equation (3).
Microorganisms remaining after the preceding event correspond to a full mobilization ðU l @ U 0 Þ of a store initially at the equilibrium value.
U 0 is assumed to be 50 mm (adjustable within the model).
The maximum manure buildup is defined by the length of the antecedent dry period set at 30 days in this study
(adjustable within the model).
Sewage treatment plant module
Selection of sub-catchments connected to STPs is based on proximity to a STP, and spatial connection of urban areas.
STP connectivity is calculated based on the proportion of the total population located in urban land use areas (l ¼ 10) compared to the total sub-catchment population.
In urban areas 98% of the population is assumed to be connected to the STP. In dry and intermediate wet weather
conditions the number of microorganisms entering the stream is given by:
where I j,3,l is the input to stream of microorganism j from the STP in sub-catchment l (microorganisms.d 21 ), n l is the population connected to a sewage treatment plant in sub-catchment l, V is the volume of water used per person per day (L) and c j,l is the post treatment concentration of microorganism j in the effluent from the STP in sub-catchment l (microorganisms.L 21 ).
Assumptions -dry weather
The dry weather budget is simply the product of the population connected to the STP, the volume of water used per person per day and the post treatment microorganism concentration measured in the water released by the STP.
The volume of effluent produced per person per day is adjustable (160 L in this study).
In wet weather the volume of effluent that may be released during an event can be allocated based on the buffer capacity for each STP and available data on overflow volumes. The percent prevalence of microbial infection in the population is estimated at 1% for both Giardia and Cryptosporidium, which is within the ranges used by Anderson et al. (1998) and 100% for E. coli. The number of microorganisms entering the stream is given by:
where b j is the number of microorganisms j excreted per person per day (microorganisms.d 21 ), W is the volume of effluent transported in a wet weather event (ML), e is the event duration (days) and b l is the buffer capacity for the STP in sub-catchment l (ML).
Assumptions -wet weather
The wet weather budget is the load of microorganisms entering the STP (population connected · microorganisms.
person 21 .day 21 ) buffered by the available storage at the STP.
Any water entering in excess of the buffer is assumed to leave the STP without treatment.
On-site systems module
The input of microorganisms to the stream from on-site systems is assumed to depend on the population using onsite systems; an estimate of the number of microorganisms excreted per person per day; and the fraction of on-site systems connected to the stream. The only difference between wet and dry conditions for the on-site systems module is the level of connectivity to streams. Inputs from on-site systems are given by:
where I j,2,l is the input to stream of microorganism j from on-site systems in sub-catchment l (microorganisms.d 21 ), S l is the population of sub-catchment l, C l is the proportion of the population in sub-catchment l connected to an STP, and There is no decay of microorganisms between on-site systems and the stream network.
The variation of the fraction of on-site systems connected to streams with size of event is described by equation (6).
In-stream module
Faecal material, mobilized to the stream in wet weather or deposited in the stream, decays at the inactivation rate for each microorganism in water. Decay is calculated based on the estimated travel time to reach the sub-catchment outlet.
Until recently, little data was available regarding the rate of attachment of microorganisms to sediment and their subsequent rate of deposition in water courses. However, 
where E j,l is the exported load of microorganism j from subcatchment l (microorganisms.d 21 ), R L l is the local reach length for node l (km -assumed to be ffiffiffi a l p where a l is the sub-catchment area in km 2 ), v l is the flow velocity over the reach (m.s 21 ), F j is the probability of microorganism j being deposited or bound to bed sediment over a 1 km reach and R l is the reach length between node l and the next node downstream (km).
Assumptions -dry weather
During dry weather, all microorganisms that are bound to sediment settle out, and there is no resuspension of settled material in either dry or wet weather.
50% of E. coli are assumed to be bound to sediment and thus lost through settling. Cryptosporidium and Giardia primarily remain in the water column with only 5% becoming bound and lost through settling.
The stream reach (km) was divided by the flow velocity to estimate the loss due to settling per km for each sub-catchment.
Inactivation is calculated using the microorganismspecific decay rate for water (Table 3) There is no decay of microorganisms entering the river network from the STPs before reaching the outlet of each sub-catchment due to the STP being located near the sub-catchment outlet.
During dry weather (low flow conditions), the flow velocity is assumed to be 0.1 m.s 21 .
In wet weather the in-stream export from the subcatchments is given by: 
CASE STUDY -WINGECARRIBEE CATCHMENT
The model was developed and tested using data for the Table 4 . Many of these variables were derived from the GIS land use layer (such as the proportion of each land use category present in a specific sub-catchment and sub-catchment area). However, other variables such as the location of the STP that an upstream sub-catchment is connected to (H l ) are identified and input manually. All but one of the sub-catchments containing urban land use were located upstream or near to an STP and effluent data for these STPs is shown in Table 5 . (Paterson & Krogh, 2003) . remaining sub-catchments vary between 3 to 5 log 10 .d 21 for
Cryptosporidium and 3 to 6 log 10 . Giardia are 2 to 3 log 10 .d 21 higher than the dry weather input loads. The E. coli dry weather input loads are several orders of magnitude higher than either Cryptosporidium or Giardia, ranging from 9 to 11 log 10 .d 21 with small peaks above 11 log 10 .d 21 for sub-catchments 2 and 52. The lowest predicted input load is again from sub-catchment 30, with low loads also predicted for small sub-catchments where the predominant land use was either native forest or improved pasture, for example, 1, 5, 14, 37 and 51. In most sub-catchments wet weather events increased the predicted wet weather input loads by 2 -3 log 10 .d 21 compared to dry weather.
The predicted export loads of Cryptosporidium, Giardia and E. coli highlight the cumulative effect of routing contaminants downstream, particularly during wet weather events when the transport time (3-30 minutes per sub-catchment) is too short for microbial inactivation or instream settling. However, in dry weather the rapid inactivation rate reduces the cumulative effect for E. coli. The predicted total export of E. coli from most sub-catchments were reasonably constant at approximately 9 log 10 per day in dry weather with the exception of those sub-catchments impacted by on-site sewage discharges (2, 3) or STP effluent (52, 14, 15, 26) . During large wet weather events the predicted daily load of Cryptosporidium and Giardia exported from the Wingecarribee catchment (sub-catchment 50) is greater than 10 log 10 while the predicted E. coli load is almost 15 log 10 . 7  13  31  35  7  10  43  13  31  7   8  39  33  9  43  22  22  39  10  49   9  9  35  36  29  47  10  33  8  31   10  49  13  7  2  43  8  12  49  33   Area ranking  §   1  52  3  52  52  1  28  2  2  52   2  17  2  40  17  3  46  52  3  2   3  2  52  38  2  52  9  26  1  17   4  26  4  32  26  8  21  12  4  3   5  12  1  47  46  9  17  16  6  1   6  16  7  37  23  4  23  7  5  9   7  23  5  34  27  17  18  23  7  18   8  7  6  45  21  6  20  14  8  28   9  14  11  35  28  5  27  10  9  8   10  10  40  49  30  28  19  13  18  20 Both the local source (input budgets) and the exported budgets can be reproduced as spatial (raster) graphs to highlight the areas generating and exporting the greatest loads of pathogens and E. coli. For example, Figure 5 shows the predicted total load of E. coli exported from the Wingecarribee in dry, intermediate, and large wet weather events. In dry weather the water quality impacts are localised due to bacterial inactivation and settling. However, in wet weather there is a cumulative effect in downstream sub-catchments as there is negligible inactivation or settling of the microorganisms during transit in these large events. 
Sensitivity analysis

Analysis of model outputs of exported loads
Analysis of sub-catchment input rankings per unit area
Ranking of sub-catchments by both input and export loads, and particularly ranking by scaling these loads by unit area is a useful mechanism for the identification and prioritization of individual sub-catchments that require management interventions. The raw and unit area rankings of the export loads ( Sensitivity analysis was used to examine the effect of single parameter perturbations on the ranking of sub-catchments based on input loads per unit area. The analysis weighted the sub-catchments in the top (n) number of sub-catchments by summing the sub-catchment rankings that disappeared out of the top (n) with a value of n for the first, n-1 for the second and 1 for the nth ranking. The analysis was performed using the same perturbations that were applied in the previous analysis of the export loads (Table 7) .
The greatest impact on sub-catchment rankings is observed in response to changes in manure mobilization rates, the number of microorganisms excreted per person per day ( from these catchments were available, it would be possible to use the model for quantitative microbial risk assessment (QMRA) to predict the proportion of the total load that represents a potential risk for human infection.
The PCB model was developed to predict export loads of Cryptosporidium, Giardia and E. coli from drinking water catchments for dry weather and for two wet weather event scenarios. The fate of these organisms within storages can subsequently be predicted by using the outputs of the PCB model as the input parameters for the hydrodynamic model developed by Hipsey et al. (2005) . In addition to the load data, the raw and unit area rankings of sub-catchment inputs and exports ( 
CONCLUSIONS
The development of this model was prompted by the lack of any existing commercially available pathogen export models, and the need to quantify the sources and fate of pathogens in the Sydney drinking water catchment. Although application of the model is constrained by the availability of appropriate data and by a number of assumptions, the outputs represent the first attempt to quantify pathogen loads, and hence, risk in the Sydney drinking water catchment.
Future work will involve the application of the PCB model to predict pathogen budgets for all 27 of the catchments in the SCA area of operations. The outputs will be used to rank catchments and sub-catchments with both the highest net pathogen and E. coli inputs and also the greatest export potential to deliver pathogens to the reservoirs. The identification of these high-risk sub-catchments will enable catchment managers to prioritize the implementation of catchment control measures and to evaluate the potential benefits and improvements that may be attained, thereby achieving the greatest possible improvements to water quality.
